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Abstract. The growing number of older adults worldwide places high
pressure on identifying dementia at its earliest stages so that early man-
agement and intervention strategies could be planned. In this study, we
proposed a machine learning based method for automatic identification
of behavioral patterns of people with mild cognitive impairments and
Alzheimer’s disease through the analysis of data related to their activities
of daily living collected in two smart homes environments. Our method
employs first a feature selection technique to extract relevant features
for classification and reduce the dimensionality of the data. Then, the
output of the feature selection is fed into a random forest classifier for
classification. We recruited three groups of participants in our study:
healthy older adults, older adults with mild cognitive impairments and
older adults with Alzheimer’s disease. We conducted extensive experi-
ments to validate our proposed method. We experimentally showed that
our method outperforms state-of-the-art machine learning algorithms.
1 Introduction and Related Work
New research has shown that early signs of dementia can be detected 10 years
before the formal diagnosis is made [18]. At this time, individuals start showing
dysfunctions in complex activities of daily living (ADL) such as managing one’s
finances [18, 4, 2, 21]. However, differentiating these early signs of dementia from
normal cognitive aging requires an in-depth knowledge of the subtle differences
observed in ADL function in these two populations. Considering the expected
increase in prevalence of dementia in the coming years worldwide, it is urgent
that we refine measures used to document ADL changes in the aging population
so that appropriate prevention strategies can be put into place to minimize the
repercussions of these diseases on the individuals and their family.
ADL dysfunctions in aging have been generally measured with questionnaires
and performance-based assessments that generally fail to capture the person’s ac-
tual performance and difficulties in everyday life [12, 11, 6, 3]. An alternative and
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innovative approach to questionnaires consists in measuring the performances
of participants while they carry out ADL and IADL with the aid of sensor
technologies allowing a non-invasive and continuous monitoring. Data gathered
by the sensor technologies could allow for standardized quantitative and fully
automated evaluation and contribute to the functional evaluation of a therapist.
A few studies using this newer evaluation approach have shown encouraging
results in detecting MCI in older adults [8, 9, 13, 19, 1]. For example, Cook et
al. [8, 19] used machine learning techniques to analyze behavior data of healthy
older adults and adults with Parkinson’s disease using wearable sensors. The
authors found that differences between healthy older adults and adults with
Parkinson’s disease exist in their activity patterns, and that these differences
can be automatically recognized. Dawadi et al. [9] used different machine learn-
ing algorithms namely principal component analysis, support vector machines,
and logistic regression to quantify activity quality of healthy and cognitively
impaired people in a smart home environment. The authors achieved reasonable
results in differentiating between the two classes: healthy and cognitively im-
paired people. Jekel et al. [13] investigated smart home environment to assess
ADLs for dementia diagnosis. Two groups of people: healthy and mild cognitive
impairment were recruited to perform instrumental ADLs. Differences were ob-
served for making a phone call, operating the television, and retrieving objects.
The MCI group showed more searching and task-irrelevant behavior than healthy
group. However, no machine learning algorithms were employed to differentiate
between these two groups, and only statistical tests were used.
The main goal of the present study is to analyze smart home sensor data
for automatic identification of behavioral patterns of people with mild cognitive
impairments and Alzheimer’s disease based on activities of daily living. Three
groups of people were recruited in our study: healthy, MCI, and AD, which allows
to collect rich data, and makes the identification of behavioral patterns more
challenging. The contributions of the papers are summarized in the following
points:
1. Identify automatically behavioral pattern of people with mild cognitive im-
pairments and Alzheimer’s disease using machine.
2. Perform experiments in two smart homes with different sensors types and
setup to analyze ADLs and identify behavioral patterns.
3. Collect real data from three groups of participants: healthy, MCI, and AD.
4. Conduct extensive experimental tests to validate our proposed approach.
The rest of the paper is organized as follows. Section 2 introduces our pro-
posed approach such as data collection procedures, dataset description, machine
learning technique for data analysis and results obtained. Section 3 presents a
comparison of our machine learning method with state-of-the-art methods. A
discussion is presented in Section 4. Finally, Section 5 presents our conclusions
and highlights future work directions.
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2 Proposed approach
In this section, we describe our proposed approach for early detection of AD by
analyzing sensor data collected during ADL’s completion. Before introducing our
approach, we will first describe the experimental setup in terms of participants
and data collection procedures.
2.1 Participants
Two sites were used for recruiting participants: Sherbrooke and Montreal, Canada.
A total of 56 participants (24 in Sherbrooke and 32 in Montreal) were recruited
in this study. Details of participants and how they are recruited in the two sites
are presented as follows:
Participants without cognitive impairment (n=26), control or healthy, were
recruited in Sherbrooke and Montreal, mainly through databases of controlled
participants. Inclusion criteria were: 1) to be 65 years of age or older; 2) to obtain
normal results in cognitive disorders by age and education, as measured by the
Montreal Cognitive Assessment (MoCA) [16]. Exclusion criteria were related to
health conditions that could cause cognitive impairment: 1) History of cerebral
involvement (head trauma, stroke, encephalopathy); 2) Uncontrolled diabetes or
hypertension; 3) Presence of psychiatric disorders: schizophrenia, bipolar disor-
der, anxiety or depression; 4) delirium in the last six months; 5) Intracranial
surgery; 6) Vitamin B12 deficiency or ethylism; 7) Use of medication that can
influence cognition and alertness (hypnotics, neuroleptics, or anticonvulsants);
8) Physical impairments limiting the ability to move alone and safely in the
intelligent apartment.
Participants with mild cognitive impairment (MCI) (n=22) were recruited
via the Montreal Geriatric University Institute (IUGM) and the CSSS-Institute
of Geriatric University of Sherbrooke (IUGS) via lists of participants. Inclusion
criteria were: 1) to be 65 years of age or older; 2) have a diagnosis of MCI. This
diagnosis was confirmed, in accordance with the current MCI criteria, [17, 24] by
one of the two outpatient clinics, one at the IUGM institute and one at the IUGS
institute. The exclusion criteria were the same as those of healthy participants.
2.2 Procedure
Participants were instructed to carry out five activities of daily living detailed
on a sheet of paper.
Four of the selected activities1 were validated in previous studies (Pigot et al.
VOIR AVEC HLNE) and one (obtaining information on the phone) was based
on the IADL Profile Bottari et al. [5]. Participants were asked to complete the
five tasks in any order but within 45 minutes to increase the pressure, based on
the procedure of the Six Elements Test of Shallice and Burgess [20]. Extension
could be provided to allow for the completion of the tasks. The objective was
1 Here we use the words ”activity” and ”task” interchangeably.
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to highlight the planning and adaptation capacities to the novelty of the par-
ticipants. Tasks were selected so that older adults without cognitive impairment
should be able to perform all tasks without much difficulty, but that older adults
with MCI or AD could experience difficulties in some tasks. Task 1: Place per-
sonal belongings (bag and coat) in the wardrobe; Task 2: Prepare a light meal
(prepare an egg, two toasts with jam and a hot beverage with milk and sugar;
set up the table; clean the tools); Task 3: Clean the bathroom (flush the toilet,
wash the mirror and washbasin with a cleaner); Task 4: Telephoning for infor-
mation on bus departures between Montreal and Toronto; Task 5: Answer the
phone that will ring during the experiment and perform the task indicated by
the caller, i.e. fold and store three pieces of clothing placed in the room. Each
task took place at different room of the smart home.
Participants were free to choose the order and planning of tasks. The instruc-
tion sheet was available at all time so to allow compensation for participants with
memory deficits. While performing the tasks, the experimenters were instructed
to intervene as little as possible, but may intervene if he / she considers that a
situation is unsafe, if the participant had been stuck on the same task for a long
time, or if the participant hastily declares to be finished and did not attempt all
tasks. If they were to intervene, they had to provide graduated indices in order
to guide the participant as little as possible.
2.3 Datasets
The data collected during experiments represent sensor data as shown in Table
1.
Table 1. Example of sensor data collected in a smart home at Sherbrooke.
Date Time Sensor Name State / Value Participant
2014-12-03 09:00:00 InfraRedSensor16 ON MCI
2014-12-03 09:00:10 InfraRedSensor17 ON MCI
2014-12-03 09:00:30 DoorSensor12 OPEN MCI
2014-12-03 09:01:01 DoorSensor13 OPEN MCI
2014-12-03 09:01:09 InfraRedSensor20 ON MCI
2014-12-03 09:01:20 HotWaterSensor-B ON MCI
2014-12-03 09:01:50 ColdWaterSensor-A ON MCI
In Sherbrooke smart home, we count different types of sensors such as infrared
sensors, contact sensors, pressure sensors, and debimeter sensors installed in
different locations as shown in Figure 1(a). Whereas in Montreal smart home, we
have three types of sensors: contact sensors, electric sensors and motion sensors
as shown in Figure 1(b).
Sensors are triggered as participants perform ADLs. Therefore, it will be
interesting to analyze sensor data in the order that sensors are triggered. The
rational of analyzing data in this way is to have a clear idea about the progression
of ADL’s completion by participants and the possibility to intervene and assist
participants in real time applications when help is needed or errors are detected.
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(a) Sherbrooke smart home map (b) Montreal smart home map
Fig. 1. Sherbrooke and Montreal smart home maps and sensor locations.
The next section details our method for early detection of AD and MCI by
analyzing data related to ADLs.
2.4 Proposed method
In this section, we present our proposed machine learning method for early de-
tection of Alzheimer. We first present our feature selection method, followed
by the learning and test method, and finally the results obtained. The steps of
our method are presented in Figure 2. These steps are detailed in the following
sections.
Fig. 2. The different steps of our method.
2.5 Feature selection
Feature selection is an important step in machine learning to build a good clas-
sification model. It allows to select best features for classification tasks. In ad-
dition, feature selection allows to reduce significantly the dimension of the data.
For example, in the data collected in the smart home at Sherbrooke, we have
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74 sensors. However, not all these sensors are useful and discriminant. There-
fore, feature selection in this case is helpful to select only the most discriminant
sensors that will help differentiate users.
We used different techniques to select the best features such as principal
component analysis [22], Chi-square feature selection [14], and Latent semantic
analysis method [15]. All these methods extract ten (10) common best features.
Therefore, we reduced the dimensionality of data from 74 to 10, which will help
reduce the computational complexity of the classification task. Once features are
selected, we perform classification using random forests [7].
2.6 Classification
Several classification methods could be used such as SVM, decision trees, and
naive Bayes to perform classification. We selected random forest classifier as it
performed well in a wide range of classification tasks [10]. This motivates us to
choose random forest to build our classification method. Random forest classifier
operates by constructing several decision tree classifiers. The classification results
of a random forest are obtained by majority voting over all decision trees. We
experimentally setup the number of decision trees to 200 as this number achieves
the best classification results compared to 10, 50, and 100 decision trees.
2.7 Leave One Out Cross Validation
We used leave one out cross validation method [23] to evaluate our method. We
performed cross validation on data collected at Montreal and Sherbrooke smart
homes separately. For example, for data collected at Sherbrooke smart home,
we used all data from 23 participants for training and the data of the remain-
ing participant for testing. We performed the experiment 24 times, excluding
one participant at each time. We performed the same experiments with data
collected from Montreal smart home with 32 participants. The benefit of such
setup is twofold. First, it allows detecting problematic participants and analyz-
ing the sources of some of the classification errors caused by these participants.
A problematic participant means his/her activities were performed differently
compared to other participants. Second, it allows testing the inter-participant
generalization of the method, which constitutes a good indicator about the prac-
ticability of our method. Tables 2 and 3 show the classification results obtained
for each participant using the F-score measure. Note that the F-score is calcu-
lated as follows: F − score = 2×(precision×recall)precision+recall .
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Table 2. Classification results obtained using data collected in Sherbrooke smart home.
User Type F-score User Type F-score User Type F-score
1 Control 0.886 11 MCI 0.819 21 AD 0.984
2 Control 0.918 12 MCI 0.316 22 AD 0
3 Control 0.934 13 MCI 1 23 AD 0.91
4 Control 0.938 14 MCI 0.484 24 AD 0.976
5 Control 0.965 15 MCI 1
6 Control 0.903 16 MCI 0.537
7 Control 0.907 17 MCI 0
8 Control 0.911 18 MCI 1
9 Control 0.934 19 MCI 0.468
10 Control 0.96 20 MCI 0.515
Table 3. Classification results obtained using data collected in Montreal smart home.
User Type F-score User Type F-score User Type F-score
1 Control 0.933 12 Control 0.625 23 MCI 0.667
2 Control 0.8 13 Control 0.947 24 MCI 0.462
3 Control 0.917 14 Control 0.909 25 MCI 0
4 Control 0.917 15 Control 0.8 26 MCI 0
5 Control 0.947 16 Control 0.609 27 MCI 0.4
6 Control 0.857 17 MCI 0 28 MCI 0.222
7 Control 0.615 18 MCI 0.533 29 AD 0.455
8 Control 0.615 19 MCI 0.667 30 AD 0.667
9 Control 0.667 20 MCI 0.154 31 AD 0.72
10 Control 0.609 21 MCI 0.375 32 AD 0
11 Control 0.615 22 MCI 0.235
As shown in Table 2, in Sherbrooke smart home, our method is able to dif-
ferentiate between the three categories of people control, MCI and AD with an
average F-score = 0.761, which is promising given the small number of par-
ticipants with AD (4 participants). Note that our method identifies perfectly
participants with AD as demonstrated by the high values of the F-score except
for one user (User 22 in Table 2) incorrectly classified as participants with MCI.
This means that User 22 performs activities in the same way participants with
MCI do. Similarly, participant User 17 (MCI) was incorrectly classified as par-
ticipants with AD. These findings may help identify patients with MCI who are
more likely to develop AD given the level of difficulty they experience during
the realization of ADLs. The same observation applies for the patient with AD
that performs better in realizing activities of daily living compared to the three
other patients with AD. Finally, our method is able to identify perfectly control
participants as shown in Table 2. The same observation applies for participants
with AD except for User 22.
However, the classification results obtained using data collected from Mon-
treal smart home are not very promising since the average F-score is 0.56, which
is slightly better than a random classifier. This can be explained by the small
number of wireless sensors used to collect data, which is not enough to differen-
tiate between participants. One important observation here is that all MCI and
AD participants with F-score null in Table 3 are incorrectly classified as control
participants. Consequently, Users 17, 25, 26 and 32 perform activities similarly
to control participants.
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Note that each category of participants performs activities differently. This
can be shown by the number of times sensors are triggered for each category
of participants for all activities using data from Sherbrooke smart home. Figure
3 shows the number of times sensors are triggered when participants in each
category perform ADLs in Sherbrooke smart home.
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Fig. 3. Number of times sensors triggered for each category of participants.
As shown in Figure 3, sensors are triggered more frequently in MCI and
AD categories compared to control category. For example, sensor CA4 (contact
sensor) has been triggered around 20 times for the categories MCI and AD as
shown in Figures 3(a) and 3(b), while it has been triggered around 10 times for
control participants as shown in Figure 3(c). This can be explained by the fact
that control participants find easily utensils and objects used to perform activ-
ities compared to the other two categories where participants tried to look for
objects everywhere and open different cabinets and drawers to find objects. The
same observation applies to the other sensors except for sensor MV3 (movement
sensor) that has been triggered more frequently, between 20 and 40 for control
participants as shown in Figure 3(c) compared to the other two categories where
it has been triggered between 15 and 25 times. This can be explained by the fact
that MCI and AD participants wait for help when they were unable to perform
activities, compared to control participants who continue performing activities.
We performed other experiments by merging the two categories MCI and
AD. Our goal is to identify abnormal realization of ADLs. The advantage of
this method is to quickly distinguish between normal participants (control) and
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participants with cognitive deficits. Tables 4 and 5 show the recognition results
for both categories in Sherbrooke and Montreal smart homes respectively.
Table 4. Classification results obtained using data collected at Sherbrooke smart home
using two categories of participants.
User Type F-score User Type F-score User Type F-score
1 Control 0.986 11 MCI-AD 1 21 MCI-AD 1
2 Control 0.947 12 MCI-AD 0.43 22 MCI-AD 1
3 Control 0.935 13 MCI-AD 1 23 MCI-AD 1
4 Control 0.96 14 MCI-AD 0.203 24 MCI-AD 1
5 Control 0.934 15 MCI-AD 1
6 Control 0.96 16 MCI-AD 0.795
7 Control 0.964 17 MCI-AD 0.991
8 Control 0.921 18 MCI-AD 1
9 Control 0.995 19 MCI-AD 0.846
10 Control 1 20 MCI-AD 0.523
Table 5. Classification results obtained using data collected at Montreal smart home
using two categories of participants.
User Type F-score User Type F-score User Type F-score
1 Control 0.857 12 Control 0.533 23 MCI-AD 0.667
2 Control 0.8 13 Control 0.947 24 MCI-AD 0.182
3 Control 0.917 14 Control 0.909 25 MCI-AD 0.667
4 Control 0.87 15 Control 0.759 26 MCI-AD 0.667
5 Control 1 16 Control 0.476 27 MCI-AD 0.4
6 Control 0.897 17 MCI-AD 0 28 MCI-AD 0.222
7 Control 0.87 18 MCI-AD 0.625 29 MCI-AD 0.583
8 Control 0.615 19 MCI-AD 0.571 30 MCI-AD 0.857
9 Control 0.333 20 MCI-AD 0 31 MCI-AD 0.769
10 Control 0.545 21 MCI-AD 0.632 32 MCI-AD 0.4
11 Control 0.615 22 MCI-AD 0.333
As shown in Table 4, our method differentiates perfectly between healthy
participants (control) and participants with cognitive deficits (MCI and AD) in
the Sherbrooke smart home with an average F-score of 0.891. We can see that
User 14 is identified as participants with MCI-AD with an F-score of only 0.203.
This means that this participant performed activities similarly to normal par-
ticipants compared to other participants with MCI-AD. The same observation
applies for User 12 with an F-score of 0.43. These observations are of great im-
portance since they allow to identify persons with cognitive deficits who are still
able to perform ADLs correctly. This will help them to stay engaged in realizing
activities, which may allow to delay their cognitive decline. However, as shown
in Table 5, our method did not perform perfectly with data collected in Mon-
treal smart home. This was expected for two main reasons 1) the small number
of sensors used, which creates more confusion between participants, and 2) all
MCI and AD participants incorrectly classified by our method were classified as
control participants this means that merging the MCI and AD categories does
not help in differentiating between healthy participants and those with cognitive
deficits. The results obtained using data from Montreal smart home suggest that
using small number of sensors is not suitable for detecting patients with cogni-
tive deficits or recognizing their activities of daily living. The use of very small
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number of sensors may create more confusion between participants, and make
the task of detecting participants with cognitive deficits more complicated.
3 Comparison
We compared our method with several state-of-the-art machine learning algo-
rithms such as support vector machines (SVM), Hidden Markov Models (HMM),
Bayesian networks (BN), Naive Bayes (NB), decision trees (DT), K Nearest
Neighbors (KNN), and multilayer perceptron neural network(mlp). Table 6 shows
the comparison results obtained for all methods in terms F-score in both sce-
narios, i.e. with three categories of participants and two categories respectively
using data from Sherbrooke smart home.
Table 6. Comparison results between our method and state-of-the-art- methods using
data collected in Sherbrooke smart home.
Three categories Control, MCI, AD Two categories Control, MCI-AD
Method F-score F-score
Our method 0.761 0.891
SVM 0.727 0.822
HMM 0.5 0.655
BN 0.703 0.804
NB 0.71 0.807
DT 0.722 0.817
KNN 0.722 0.809
MLP 0.709 0.787
As shown in Table 6, our method outperforms all the state-of-the-art ma-
chine learning classifiers for both scenarios (three categories of participants and
two categories). The HMM models performs poorly in both scenarios. This can
be explained by the small sample size of the data as HMM models require more
training data to perform well. The SVM model performs well also in both sce-
narios compared to the other classifiers.
4 Discussion and Conclusion
In this paper we proposed a method for automatic detection of patients with
Alzheimer’s based on activities of daily living. We collected real data related to
five activities of daily living from fifty-six (56) participants to perform exper-
iments in two different smart homes. We performed feature selection in order
to identify the most discriminant features and reduce the dimensionality of the
data. The selected features were then fed into a random forest classifier for learn-
ing and testing. With a leave one out cross validation method, we were able to
identify the three categories of participants (control, MCI and AD) with an av-
erage F-score of 0.76 and 0.56 using data collected in Sherbrooke and Montreal
smart homes respectively, which is very promising given the small sample of par-
ticipants with AD. We also empirically demonstrated that our proposed method
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is suitable in differentiating between healthy participants (control) and partici-
pants with cognitive deficits (MCI and AD) with an average F-score of 0.89 and
0.60 using data collected in Sherbrooke and Montreal smart homes respectively.
We were able to extract problematic participants who perform activities of daily
living differently than the other participants of the same category.
The novel aspect of our research is to evaluate dysfunctions in ADL in nor-
mal aging, MCI and dementia conditions on a continuum of ability using a new
performance-based approach, using simple sensors but most importantly, effi-
cient machine learning approaches.
The experiments performed in this work suggest that the use of a small num-
ber of sensors may create confusion between participants and make the identifi-
cation of participants more challenging and complicate. This is demonstrated by
the results obtained using the two smart home data. Indeed, at Sherbrooke smart
home, where the relatively large number of sensors allows to create a profile for
each category of participants that helps identify participants of each category.
In contrast, the small number of sensors used in Montreal smart home demon-
strates the limitation in identifying participants of each category. Consequently,
using more sensors allows to capture more variations in activities of daily living,
which helps discriminating between participants.
In conclusion, we hypothesized that this method of evaluation may support
currently used tools. Future study in the field may contribute to better early
detection of dementia and identification of the persons difficulties and needs,
which in turn will lead to more tailored interventions.
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